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m In this paper, a systematic review on domain adaptation of object
detection is presented. At first, the two basic subtopics of object recognition—object
classification and object detection based on domain adaption are proposed; and then,
from the views of feature and samples, two problems are reviewed in detail. For the
domain adaptation object classification, the existing methods ignore the manifold
structure of samples. In fact, the geometric information is helpful to obtain robust
representation. For the domain adaptation object detection, the existing methods
depend on the source samples and labeled target samples, which makes these
methods hard to be employed into some real applications.

domain adaptation study; object classification; object detection

AT X TR & A PRIECR
R S8R 89 AE: 55 AR T, (R, $08E A )
AR . X ) RO AT 55 2 i
B P A SR G0 A1 (9 22 53 TR, AT
Foor o e FEA IR X

b 33 550 1 A8 5 B SCAN)T X
PIAJZ T B O 4R H AR 28, &
BT 55 2 R A [8] 2 531 Fg 4 AR A It X
OrIFs T SRR H BRI, 5B A
R AEAAEAE B AR IR 7 3 28 H AR
Yk iy BpAO B e R EL . F AT, W
4 A KR B R A A 3 R, E
1153514 -

(1) ¥ sh i 1AL+ 28 & 10 A
O R B ) e R A 5 1 R
Oy FLA A 4 e A A R R T

hZ R ELR, BTz 2R AR &
EEEEWNEN. (A2, mshtsn
BL A 7= A 1 % 3 e ) o8 A BT A1 R 7
W HE A H bR, 45 5 3 1R 4 175 00 1
B

(2) B AP 2 I 45 (CNN) 1 (1] 19
A I AE B S G 2 FE R o R AE AL
W B R A Sk e R A TN AT, ASALAT
BORYE T L AVRE S H bR & K Y [a)
L HRE TS sl A T B XUE
BB TR R g R HE,
Rz HE 48 H 3G A F CNN, B DL H 38 A
PERS 22, I AR F HoAh Oy 2, BE A
FR 30 A X BRI

(3) J5 7 DX 3l 43 ) % 4 00 A B
TZHE SR By SCHR[8-10] T 2014 4248 s,

201778 R B2 BHEAM Aug. 2017 Vol23 No.4 25 LETIBIET S



ZTE TECHNOLOGY JOURNAL

km%ﬁﬁﬁﬁﬁﬁiﬁﬁiﬂﬂﬁ%iﬂs

Bl EJA
B 2ES 4]
! !
EWREA o opl f1 )
S A& e BUNEONG -+ %E
B 0 A 28 48 I 37 2
TE
ERHEME
1 B
BWA I T &
mE
<E 2
E T CNN gy mE 134
ERENMTE
RECKEMm AW E 3 s . |5, X BB

i AT R R T 2 A R 7 ik 4R B
M DX Il e AE 5 SR BT AT 6 A 4
TR I 7 RN 5 3536, M CNN 42 i
FRAE 5 focJm , SR AL (SVMD) Bk
A7 XI5 2, 5 2R A (1A 19 07 35 o
e HE O B RN o R HE R TR
TUMRR LT D, RS
A0 AR BEAT 2 0 4, A 3 24
PEVEHE 92 A

ot P 41, al A A
W+ F RS20 28I H b A 0 i) 5 iy A il
P s HARAE D= H bR KPR 1E
HAR 2 2 2wk b 51 A [ H AR
SE AL 5 ¥R R T S [ i A AR
o DRI, X H AR U A S B 5
ity LA H AR 73 2 A H Bs A X #
MR

BT BRI AT, FATRE IR A IE N
I3 SR 53 1) 240 £ S A SR AS T 5
A - B T E N H bR 2R H
FrAill . S T RETHEE R, R SCE
L AT B AT — A IR
TE TG 22 503 ) 175 T DL AS it 3 440 1

‘i’Tj- i’/l/: o

2 HEENBIRGETTE
BUAT 8 I8 1 F A 43 2605 1 7
LAYy > M B 13 80 v T M

21 FBESEBENGZE

E X Rl 37 5 Hp TR S8k R % B A KR
GAWEER, Bisk b reA g
— T AR . XL
SRR R R AN H A kA B 2
B EE R SR A H AR SR 2 R R R
X8 Ty 1 T 4 oy BT R AR AL TR
AW, FETFRIEM LB ik,
AR E M I8 ST SCIR[11]#[12] : 3C
BRIIAR B T — A 2= B %
GRSt RS RN SR A S e
BEBEA ] — R PR IR, 1%
A AR AT RS e B G 3] —
A LA S AR R M 0 R AT 253 ) v 5 S
BRI12145 T — AP g o) Sk 3k
F A AR B I REAS %
T RER SN S 1 T D I S T N
FIRR B o

TR B 2, AR

FNE I8 3CA SCHR[13-17] 2 SCHR[13]
A R AR I B9 H R AR A R E
B335 B 1 A L IORE AR B L B B A AR
J5 R T X S A bR A Y R R H AR B
FEAS UGk op 24 s STRR[14]92 i 18 4%
4 1] Least—Squares SVM H1 5] A T
AN B IE AR, — AT T 3 S
R, 75 — A B A AR IC 8 H AR FE AR
B, LA R A 3R H b5 2 28 A B9 2 50 1R
2 SCHR[15-17]18¢ 1 5E F Adaboost
5 ) SR RSB, O T A
SRR AR X5 B AR 2] A AT, ab
ZRUAES Bl /0 bR 28 1Y AR SRR AR, O
YIRIE T H br sl it 43 26 2%, OF 4 1
P59 53 g 5 SCHR (1864 1 22 i A&
T SVM 2 BURRAE A% 19 05 0% , BT IR
P AAT A ] B R IR AR
LRl b, %3 T AR A Cross domain
SVM Y 3¢ [ it HLARE BY |, 327 155 B
H AR QU B ¥ 20 FE A AT 28 0 R 4

2.2 Xk MBEHIEEIEMNSE

Xy, FUR IR B i A
A BREAT B0 H AR R A AR A
WA, 5 LB EME,
T B M R, SR
AR ], 3 2 5 vk s mT DL UA 9 Oy 3
FEAE AL FREAWI T Sk 7
fE o Efsilhie s ALZmMBAE, A
P b, A 2SS IR R TR S A B BRI
E A BE 1 e S ) e =2 1 B R AR A
&), 783X A~ %5 (6] o, U SRR A FN B AR
JRE S 00 R AE R 2 O A 22 AR D
FH X — JEVARLAT A R Rl AN [ e
LA AT AT A2,

INWE N R UNTREA =Y XL
23 () ) A1 B2 YDA [] 8 (s B 200 5] 4 B
) BB IR B AR R R Y AR AE

?\imfm =] 4 ‘X@
i T ¢
e ERY o
[ 3p B B f EE
ETFENHEHEN
ERNRERE

N\ PROBITREAR 26\ 20175E 88 FE23H 4 Aug. 2017 Vol.23 No. 4

IDAMAG\2017-08-135/VOL23\F7.VFT——7PPS/P2



ZTE TECHNOLOGY JOURNAL

%ﬁiﬁiﬁiﬁﬁiﬁﬁiﬂ%ﬂ%iﬁm‘

R

RN 1
HIEZBE

SENE]

4E4
. T U T 0B R
SPENI | A EFREEES
Z1(AMHWRERE

23 8] >y [F) #4253 [, T L 78 R A 2 17 P
HAFAE — L S R IE JC R 5 2% B
FRAIE 23 8] AT L3 5 3 Al SRR AR o
FEIMPLHEA o X Fax — B A% O
2 QAT #1220 1 2 S 4 AIE 28 (8] Y
HEARE T E . R TR IBT
A SCHR[19-23]: SCHR[19]48 1 T 5 F
RO R AE 19 5 3 38 A TR T Y
PR AR AL, T B B R AL 1 R )R
4328 B AE JEURRAE 1) 501 3% S B AR
A 0] £ (9 23 0] Y T 2= T, i IR
) A5 T 24 A 403 R S G ik
PEAIE 0 AR 3T 2R,
SCHK[20-22]43 I 3L F B R KOk B
e R %I LT
A3 A A RS 5 SCHR (2318 A B SR
PRAE A BE R T AR, ) SO AR A
By

A2 Ty %8 W) 3 #) 5  A H A
XoF N 1 R AIE 28 () Sy S5 A4 3 () B 5
T, FLEE A JEARR 38 2o 2 3] — AN AR 4
KR M PR GUR H bR SRR AE 2 [H]
e 55 380 2 B AR AIE 2 1) (U3 4n 5] 5
JER) o PR AR R M 19 18 SCA STk
[24-29]: SCHk [24] 0 42 R 24 0
£ B0 B R AR L XA R
i, SEPUIR S A ERRAE 25 ]
A B 5 5 SCRR[25] P 4 Ol A R 2t
JE a2 2] 7 AR B — AN R X R 1 AR
HE 75 6] e 5 5 SCHk [26] H 4 R I A
SRS N B v =N A el i R
(B, 38 £F SVM 2= >, Il 2:45 28 09 B
B 43 28 25 FURE AL 25 18] 7 e 555 5 SC ik

IDAMAG\2017-08-135/VOL23\F7.VFT——7PPS/P3

7] &  F R R ER
(MMD ) HE &, 38 2 %5 i 3808 B br 35
G A A RS AR AR AT AR
R S PR X AR 46 04 3K A 5 STk (28—
2019 i T3 IR R AL T
T JELAR R B UR B A AL SR A ) 1 R
TEFN AR 6E 1, 0 2 2 )2 W 2% 25 4, 1
AN T ot 2 il 5 0 TR R, R T b 5k A T
SR bR R A 1 2 5 R
R AIE A 4 )2 0 TR A 38 22 [) A AR % Ay
i 25 S/ o
CHRBO-31] s T — KT
MMD f 28 B B 28 J7 vk o FL b, 3C
ik [30] H B TE R BE A S N Y 4%
(DAN) FH P 43 ¥4 B 7 56, ) IR
JE 4 B 45 4 BUIE SEARAE S SR L 4
WA A T 45, R 43 B B
R H AR S SRR AR R B A X

OERCE- T S I~ N B0 A A
Y fe K F 2 22 5 (MK-MMD) #z /b
2, DT S B i) B R R A 2 ] ) ke
o T HMM DA, CHEBIH ¥
MMD | 5% 22 X 4 &5 &, (8 08 B/ ik
Fk R T A R AR 25 AR 45

R, SCHER 32142 1 T — Rl Dy
B AR 7 48 - 45 A A UK B I 2%
HE 19 55 R BE 4 > O fift e 450 35 F 3E
N (DA) ] 2, 7 48 IR 18 ) 4% B % 2%
F) H AT S0 I AS AR M R AE . SOk
[34-35] W] DA AL 55 119 A2z e S5 71 32 42 4
TREF R E R ik, HI A AR
S T 4 SRR AE 23 8] R 2 7R 1% BRI RE
AR 23 [) 1 P5 AR AR D H AR URE AR 7 1%
T 4 2 1) (4 3 5 o] DL R e 5 O ik
P55, BEF 30 SR 5 Ak nT DL ST A B
B 27 > R

B 28y VR FEASAS B 1 R PR
i 2R ] LA B A, R SOAT L A3 Sy
25, e o B AT B2, HL{Rk 1, BI
Z 05 AR AR N E 6 TR (IR 15
e R R B = S N D N B e o
FAAT ), X T A E R AL
Jr 3K, ofe i 1 A5 R R VR AR A
VLI 25 38 T B AR 43 2545
PR O HE A% o (] R AT SR Ik 22
WRE . R AR F= M 938 S Sk
[36-38]: SCHk[36] 4 th T — 15T
FEAS A9 55 00 350 Sl A A 1 g %2
I3 A fi% R AT RE b VT BE H bR 0 4 R

& 5»
BEGEEEN
PEFHIEHZE
F2(AR2)mEHE

— ==
TR

x
7
7

Birgl

JE L B Y

201778 R BB Aug. 2017 Vol23 No.4 27 LSBT,



ZTE TECHNOLOGY JOURNAL

km%ﬁﬁﬁﬁ & E RS S

R

FEA IR

<
I

BEERADTOVRES % £
FE1

6
BEEGEEEN
EFHAER

(Bl)WRETRE

O3 AT BR G R INALS B R R A
H AR Sl A AR 58 BT #% 5 SCHR (37700 42
tE B - A AR B Y ik, R
55 A B AR S 2R 43 A 0 IR R AR
i 3 HH 2R 5 STk [38-39 14 i IR 40 45 5
H bR S0 Sl A % 8 0B8R, R 5 38 T
BP0, RRAGALE . gl
TH %5 BE bR B, SCHR 40142 Hh R T K-L
WO AL TR R

B2 27 1 i SR AR A 2 2R R
AR R R B AR TS R,
HB 2 W AE A 23 (] U] fi LA i 20 1y O 5K
B2 B B bR 3z ), 2 s 2R AN 5] 7 B
o HEAC M IR S0 SCHk [41-
46] : STHK[41] 42 R T IRE X 5% i
[ SR YN R = o N g el I NS 7 e N
() 7y A2 4, 512 0 23 ] 21 H A5 25 6] 1Y
L5 5 SCTR [42] P 4 A5 A VR S8R A
IR RN DA R PSR A B
Grassman Jit J& I B9 AN A ] 09 05, 78
XA Grassman JiJE b, 7% 423X B A 0
R b £ AR T R R B B bR Sk AT
ol B 38 3 25 R4 (A AT AL X
250 1 2R, A R A 45 ) K 4 T 23 )
b RO X S 5 T AR Y ) B
VE R REA IR | % 30Tk A 38 [ 38
A [) A0 AL T — A A R 2% A1
RV 1S e el 1 N A0 ' 18
[43] 9 $E B T B FR S GFK M 4% 5 1
SCHR[44] 48 H T L L 3] 4 i 0
& b A R R REASE R X Se R
AL G453 2 TR AR 43 25 4
A LE Z T A 2 M B2, FE AR B

A T3 ) bR AE , BT BRR AY R Gk
B 77 5 SCHk [45] b 0] 2 G 2 1 2
RS, LR A e n) g
7 FH R L AR R A G L 5
SR A AS Y Gt B 5 SC K [46] ) 42 S FE
Spline ¥ & b X 0 $th 28 B 17 123 [8] Y
KAt

3 i@ BiE M BREN A E

H T, 38 A & N A ) FE AL
B R B A — SR SRR
AR 56 F 880 A 3 R E BRI vk
Mo 3 AR Z . BUA T /RS
CIRYE N g =S A B VSR 7
0y 3 R0 TG W B KA B Y B RR RS
W H ko o AR, BT84 il
N CHD,

3.1 FHEEAENBRENTE
TE IR E N F AR RS D R o

B4R BRI SRl BB S I H AR

7 33 55 v AR A — S B 25 A R B0

FEA . 3% 26 7k LT 46 2 3k R AE
P 7 %, TSR A JEL AR R 38 2ol R A 1Y
H AR SRR A Fi1 IS 38 SRR AE (SRR
HE SR A0 ] 8a) FIT /R ) o AR 4 5 451 3 2
AN GIA KR X 2Kk
ALK 4y €1 A C2 AN T2

ClZIr AL G 7 %6, 1
AH I B4 Ta) AR 35, ATl P A R I
B s A AR BN . R SR
P 1 18 SCA SCHik [48-50] : SCHR[48]
$2 SR TS B A e Y 2 7 R
IS B R R T AR
H bR AR A, X 13 36 B R4 7
(FT) , i Z & F T B #5388 ; SCiHk[49]
& H T[] — b AR Y CNN 7 i,
T ik A B R SR H B S 0
FER %) [ i, A5 B 5 A 25 100 H A Bl R
A% Al S =2 4 B E AT B T 5 SOk
[50] 0 #8 H 3 2o X6 8 45 338 R i A B 4
W55 25 dn B A5 a2
>J U 1 B AR i H bR 3 5 12 T A
% EA A e e i T LA
A % o B 1 R A

C2 J5 3k & f i A & R R R
Ko X2 IE R A K I g
D 1 R TR She 5 TR A A 1 U
FRAE , R 5 3 P 45 TR B FR IR 4B & 3F
PR, M TRgE 12y
P XA R A, R
VI R R — O R AR S T IR
BERRAE R X A3 Re I FaE R e )
T3 —J7 T, AT LA {6 b A b B 3 A
PSS Ao WA RN SR
SCHiR[8-10] ., 3CHik [52-53]: SCHR[8-10]
P IR BT — 2T X F

MY LMR
18 B9 O £%

EmBiFEAR
=E(S)

AB7 TEBOBBEENAEFETHAREZAR2(B2)MEETE

N\ PROBITREAR 28\ 20175E 88 FE23H 4 Aug. 2017 Vol.23 No. 4

IDAMAG\2017-08-135/VOL23\F7.VFT——7PPS/P4



ZTE TECHNOLOGY JOURNAL

%ﬁiﬁiﬁiﬁﬁiﬁﬁiﬂ%ﬂ%iﬁm‘

i 28

S %

R Birizx (BirED

a)Chz

Biriz R (Bng)
B ETRRIBIIR

a3

AES8 HEIENB RGN ERERS

ZAREREIN T, XEFEESC
YINER A7 1 VR BE B AL ke IO FRAE Y, )
A 45 5 SVM Jy 728 38 512 30288 1) 340 52 5 3¢
MR [52-53] 48 3 A 2 U 2R gy IR
JEE AE TR S A G N 3 S A BROUR B R
1k, I 45 A 1K 5 WHE A2 N 2% (LSTM)
LAY, 3 T R 410 43 A4 [l ) 4G T
Ik

3.2 TMEE BIENHREN A

ToWE B LR BAR N Y
SR PE AT AR A AR, Xk
T35 JLT- 02 2 1 SE 4 L e 2 B A
SE B Z MR, BT RET L
SRS, 40 S D1 FI D2

D1 285 2 S AR T8 % 2 3 1 % AR
w o NE R iz HE R
S T I 25 DA 0 25, R AR HE 4R 4
F8b) i . WA SRR B 3
SCHk [54-61]: SCHK[54] 5 48 a8 1k —
A-HE T AN FFFAE AT B bR R A R
B AE B H bR s b i e R
B IE B A B2 1R R, 2B I e
a5 SCHR[55-56]F) FH 5 I 2k Jr ik, 1%
A b I 25 5L T AS TR R AIE 19 43 25 48 5 SC
HRISTIHRE H — Fh e L i K ¥ 2 E
P R REAT  IZE R E ST R
AL B, X A5 5 sk i 25 2R AT
B bR, 285 8 B X SR e 45 R &
2 5y S i 5 SCHR (58] 45 & 4 O
P4, AR A% 20 H ARk DU 45 DL R U 45
SR B AR 4B B RE A (9 A 5 SCHER [59-
601 3L F By Jr vk L BT SOfE Bt

|DAMAG\2017-08-135/VOL23\F7.VFT——7PPS/P5

=R S AR SN =
WA EAEEMLETCHFEEW
SVM , AS W7 32 1% I 5 K AR B T 8 {5
B BT I ROR s 5 2Z 2, SOk
[61]48 8 T — 4~ 5 T8 & CNN 19 7
WL om M EAEEMERE, L
T 2 R by SRR AE R B8 B =Y
4

D2 Kk AR TR,
A R E I SR 3CHk[62-63] : 3C
Bk[62] 42 H T 2 T AR AR BE & 2% ) O IR
JE W 4, i 0 7 P R e T TR SRR AR
E BRERE A B E g A
(SAE) , 2% 2 154 3| — AN R fE 28 4, K
A Bl B 1) 5 R AE 2 ), 4R 5 ) U
BOREAS AR 215 B UINZRAS 31 Fix
AR 23 [H] 1) SVM 43 25 88 5 SCilik [63] 42
BT X A A S A AR e DU A
B, R O AR 38 1 A Y
I 2k 2% ok Xof Bl AL A= k4 i 32k T 1%
R AT 0 1 L SR J5 I 2 0 IS R AR
IG5 1 o 28 28 5 SCHR[64] 82 3 — Fh
BEF b 2 PR A DU 2 AR 0 vk 1%
05 T8 ) — A T 4 I 4 % A0 R
W 2 A i 1) 43 28 g, R AT A 35 IO H
BOR &, Ry B — A HAR SRR A, A
LA

4 o) RE

O AE R AR R e S B
A < BUA I 7 8 T R DC
[ B (A 281 B2 ), B4 A 4
VT 30— A JLART L 5 A 5 B 0

(B22), EAI#R 20 T FEAAS B fir
P AR LA &5 K . S5 B REA
ALy S AR T LT OC R A, B P i
MLt . K SWIE T H K
B ARSI R RS Tk —rd o IR
T AT RE I FH 3k 4 JLAi] 25 #) o 2 o4
IR KA A T AR AR B Pk
.

XA T R H AR, )
B TR T AR R A g B A
BOR H AR 5 5 A W AR R FEAS Ok
S PR AR B I RS (C28) s A
s 2R B TR IR R A RSB H A
Y sz AR B Al (D 2&) . el
T2, A 5 1 X PR AR AS A R 2 B
AR e A A7 AR A . IX — [ L fi
T BUA B 75 R AR ME IS T L LS
0 5, X AR IAE 3 A T
T e (1) A 88 B 52 b 51 AR ME 3R U A
S5 BRI 24 A 1y 1O T 3R
B 5 (2) R B R B4 (1931 53 68 J1
FAif 235 () R 2 A BR B9, 3 T BIr A R
A HEAT E AR BE VAl AN AL 25 i B A
MTHRIT A I 23 R BRI A7 i 1
5 (3) X B A BT 50075 A
.

5 #RiE

HEAE S VF 22 % 50 0 P
H BR300 [a] J50, A BRE AN O 1
FEBRSE, FEBUSR £ MR, SCEE R
A I B AR R AT T
gk 9o, A4 B B E
25 )R B AR, 7E L EE AL ORI
FE B E AR R 404k I8 E R 4y
oK I AR R A S A il
R0 SRR, LA W R W A
2k %, 4 I 3 WA 1) A AT T 4R
W T O A O I 0 BB
B R R B4 AT T HBL; R , A4
T IAT 5 A A (9 1) 4

SE

[11 PAN J S, YANG Q. A Survey on Transfer
Learning[J]. IEEE Transactions on Knowledge
and Data Engineering (TKDE), 2010, 22(10):
1345-1359. DOI: 10.1109/TKDE.2009.191

201778 R B2 BHEAM Aug. 2017 Vol23 No.4 29 LETITIETIP



ZTE TECHNOLOGY JOURNAL

km%ﬁﬁﬁﬁﬁﬁiﬁﬁiﬂﬂﬁ%iﬂs

[2] HOWSE J. OpenCV Computer Vision with
Python[M]. UK: Packt Publishing Ltd., 2013
[3] NEUBECK A, GOOL L V. Efficient Non—
Maximum Suppression[C]//International
Conference on Pattern Recognition (ICPR).
China, 2006: 850-855
[4] SZEGEDY C, TOSHEV A, ERHAN D. Deep
Neural Networks for Object Detection[Cl//
Annual Conference on Neural Information
Processing Systems (NIPS).USA, 2013:
2553-2561
[5] GIRSHICK R, IANDOLA F, DARRELL T, et al.
Deformable Part Models are Convolutional
Neural Networks[Cl/IEEE Conference on
Computer Vision and Pattern Recognition
(CVPR), USA:IEEE, 2015: 437-446
[6] REDOM J, DIWALA'S, GIRSHICK R, et al.
You Only Look Once: Unified, Real-Time
Object Detection[C]//IEEE Conference on
Computer Vision and Pattern Recognition
(CVPR), USA:IEEE, 2016:779-788
[71FU M, XU P, LI X, et al. Fast Crowd Density
Estimation with Convolutional Neural
Networks[J].Engineering Applications of
Artificial Intelligence, 2015, 43:81-88. DOI:
10.1016/j.engappai.2015.04.006
[8] GIRSHICK R, DONAHUE J, DARRELL T, et
al. Rich Feature Hierarchies for Accurate
Object Detectionand Semantic Segmentation
[CI//IEEE Conference on Computer Vision
and Pattern Recognition(CVPR). USA:IEEE,
2014:580-587
[9] GIRSHICK R. Fast R—CNNICI//IEEE
International Conference on Computer Vision
(ICCV). USA: IEEE, 2015: 1440-1448
[10] REN S, HE K, GIRSHICK R, et al. Faster R—
CNN: Towards Real-Time Object Detection
with Region Proposal Networks[Cl//Annual
Conference on Neural Information
Processing Systems (NIPS). Canada: NIPS,
2015: 91-99
[11] KATE S, BRIAN K, MARIO F, et al. Adapting
Visual Category Models to New Domains
[C]//European Conference on Computer
Vision (ECCV). Greece: ECCV, 2010:213-
226
[12] QIU Q, PATEL V M, TURAGA P, et al.
Domain Adaptive Dictionary Learning [C]//
European Conference on Computer Vision
(ECCV). Italy: ECCV, 2012, 631-645
[13] BERGAMO A, TORRESANI L. Exploiting
Weakly—Labeled Web Images to Improve
Object Classification: A Domain Adaptation
Approach [J]. Annual Conference on Neural
Information Processing Systems (NIPS),
2010:181-189
[14] DUAN L, TSANG I W, XU D, et al. Domain
Adaptation from Multiple Sources Via
Auxiliary Classifiers[Cl//International
Conference on Machine Learning (ICML).
Canada: ICML, 2009:289-296
[15] DAI'W, YANG Q, XUE G R, et al. Boosting
for Transfer Learning[Cl//International
Conference on Machine Learning (ICML).
USA: ICML, 2007: 193-200
[16] XU Z, SUN Z. Multi-View Transfer Learning
with Adaboost [C]//International Conference
on Tools with Artificial Intelligence (ICTAI).
USA: ICTAI, 2011:399-402
[171 XU Z, SUN S. Multi-Source Transfer
Learning with Multi-View Adaboost [C]//
International Conference on Neural
Information Processing (ICNIP). Qatar:

ICNIP, 2012:332-339. DOI: 10.1007/978-3—
642-34487-9_41

[18] JIANG W, ZAVESKY E, CHANG S F, et al.
Cross—Domain Learning Methods for High—
Level Visual Concept Classification[C]//IEEE
International Conference on Image
Processing (ICIP). USA:IEEE, 2008:161-164

[19] BLITER J, McDONALD R, PEREIRA F.
Domain Adaptation with Structural
Correspondence Learning[C]//Conference
on Empirical Methods in Natural Language
Processing (EMNLP). Australia: EMNLP,
2006:120-128

[20] DAI'W, XUE G R, YANG Q, et al. Co—
Clustering Based Classification for Out—of—
Domain Documents[C]//International
Conference on Knowledge Discovery and
Data Mining (ICKDDM), USA: ICKDDM,
2007:210-219

[211 PAN S J, I. TSANG W, KWOK J T, et al.
Domain Adaptation Via Transfer Component
Analysis[J].IEEE Transactions on Neural
Networks (TNN), 2011, 22(2):199-210

[22] DUAN L, TSANG | W, XU D. Domain
Transfer Multiple Kernel Learning [J]. IEEE
Transactions on Pattern Analysis & Machine
Intelligence (PAMI), 2011, 34(99):1-1

[23] HUBERT TY H, YEHY R, WANG F Y C.
Learning Cross—Domain Landmarks for
Heterogeneous Domain Adaptation[C]//IEEE
Conference on Computer Vision and Pattern
Recognition (CVPR), USA:IEEE, 2016:5081—
5090

[24] DAI'W, CHEN Y, XUE G R, et al. Translated
Learning: Transfer Learning Across
Different Feature Spaces[C]//Annual
Conference on Neural Information
Processing Systems (NIPS). Canada: NIPS,
2008:353-360

[25] KULIS B, SAENKO K, DARRELL T. What
You Saw is Not What You Get: Domain
Adaptation Using Asymmetric Kernel
Transforms|[Cl//IEEE Conference on
Computer Vision and Pattern Recognition
(CVPR).USA: CVPR, 2011:1785-1792. DOI:
10.1109/CVPR.2011.5995702

[26] DUAN L, XU D, TSANG I. Learning with
Augmented Features for Heterogeneous
Domain Adaptation [J]. Computer Science,
2012:711-718. DOI: 10.1109/
TPAMI.2013.167

[27] LONG M, WANG J, DING G, et al. Transfer
Feature Learning with Joint Distribution
Adaptation[C]//IEEE International
Conference on Computer Vision (ICCV).
Australia: ICCV, 2013: 2200-2207. DOI:
10.1109/ICCV.2013.274

[28] M. Chen, Z. Xu, K. Weinberger, et al.
Marginalized Denoising Autoencoders for
Domain Adaptation[J]. Computer Science,
2012

[29] GLOROT X, BORDES A, BENGIO Y.
Domain Adaptation for Large—Scale
Sentiment Classification: A Deep Learning
Approach[C]//International Conference of
Machine Learning (ICML). USA:ICML, 2011:
611-618

[30] LONG M J W, CAO Y, JORDAN M 1.
Learning Transferable Features with Deep
Adaptation Networks[Cl//International
Conference on Machine Learning (ICML),
France: ICML, 2015: 97-105

[311 LONG J W M, ZHUY H, JORDAN M I.

N\ PROBITREAR 30\ 20175E 88 FE23H 4 Aug. 2017 Vol.23 No. 4

IDAMAG\2017-08-135/VOL23\F7.VFT——7PPS/P6

Unsupervised Domain Adaptation with
Residual Transfer Networks[Cl//Annual
Conference on Neural Information
Processing Systems (NIPS). Spain: NIPS,
2016:10-18

[32] GANIN V LY. Unsupervised Domain
Adaptation by Back Propagation[Cl//
International Conference on Machine
Learning (ICML). France: ICML, 2015:280—
288

[33] GOODFELLOW | J, POUGETABADIE J,
MIRZA M, et al. Generative Adversarial
Networks[J]. Advances in Neural
Information Processing Systems, 2014(3):
2672-2680

[34] SUN S, XU Z, YANG M. Transfer Learning
with Part—Based Ensembles[C]//
International Workshop on Multiple
Classifier Systems. China: LNCS, 2013:271-
282. DOI: 10.1007/978-3-642-38067-9_24

[35] TU W, SUN S. Crossdomain
Representation—Learning Framework with
Combination of Class Separate and Domain
Merge Objectives[Cl//International
Workshop on Cross Domain Knowledge
Discovery in Web and Social Network
Mining. USA, 2012:18-25. DOI: 10.1145/
2351333.2351336

[36] SCHOLKOPF B, PLATT J, HOFMANN T.
Correcting Sample Selection Bias by
Unlabeled Data[Cl//Annual Conference on
Neural Information Processing Systems
(NIPS). Canada: NIPS, 2006: 601-608

[37] GONG B, GRAUMAN K, SHA F. Connecting
the Dots with Landmarks: Discriminatively
Learning Domain-Invariant Features for
Unsupervised Domain Adaptation[C]//
International Conference on Machine
Learning (ICML). USA:ICML, 2013:222-230

[38] ZADROZNY B. Learning and Evaluating
Classifiers Under Sample Selection Bias[C]//
International Conference on Machine
Learning (ICML).Canada: ICML, 2004: 114-
122

[39] FAN W, DAVIDSON |, ZADROZNY B, et al.
An Improved Categorization of Classifier’s
Sensitivity on Sample Selection Bias[C]//
International Conference on Data Mining.
USA, 2005:4-10

[40] SUGIYAMA M, NAKAJIMA'S, KASHIMA H,
et al. Direct Importance Estimation with
Model Selection and Its Application to
Covariate Shift Adaptation[Cl//Annual
Conference on Neural Information
Processing Systems (NIPS). Canada: NIPS,
2008:1433-1440

[41] WANG C, MAHADEVAN S. Heterogeneous
Domain Adaptation Using Manifold
Alignment[C]//International Joint Conference
on Artificial Intelligence (IJCAI), Spain:
[JCAI, 2011:1541

[42] GOPALAN R, LI R, R. Chellappa. Domain
Adaptation for Object Recognition: An
Unsupervised Approach[Cl//IEEE
International Conference on Computer
Vision (ICCV), Spain, 2011: 999-1006. DOI:
10.1109/ICCV.2011.6126344

[43] SHA F, SHI'Y, GONG B, et al. Geodesic
Flow Kernel for Unsupervised Domain
Adaptation[C]//IEEE Conference on
Computer Vision and Pattern Recognition
(CVPR). USA:IEEE, 2012:2066-2073

[44] CHOPRA R G S, BALAKRISHNAN S. DLID:



ZTE TECHNOLOGY JOURNAL

Deep Learning for Domain Adaptation by
Interpolating Between Domains|[Cl//
International Conference on Machine
Learning (ICML) Workshop on Challenges in
Representation Learning. USA: ICML, 2013

[45] NI J, QIU Q, CHELLAPPA R. Subspace
Interpolation Via Dictionary Learning for
Unsupervised Domain Adaptation[C]//IEEE
Conference on Computer Vision and Pattern
Recognition (CVPR). USA:IEEE, 2013: 692—
699

[46] CASEIRO R, HENRIQUES J F, MARTINS P,
et al. Beyond the Shortest Path:
Unsupervised Domain Adaptation by
Sampling Subspaces Along the Spline Flow
[CI//IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). USA:IEEE,
2015:3846-3854. DOI: 10.1109/
CVPR.2015.7299009

[47] DUAN L, XU D, TSANG W H, et al. Visual
Event Recognition in Videos by Learning
from Web DatalCl//IEEE Conference on
Computer Vision and Pattern Recognition
(CVPR). USA: IEEE, 2010: 1959-1966. DOI:
10.1109/TPAMI.2011.265

[48] SERMANET P, KAVUKCUOGLU K,
CHINTALA S, et al. Pedestrian Detection
with Unsupervised Multistage Feature
Learning[Cl//IEEE Conference on Computer

Vision and Pattern Recognition (CVPR). USA:

|IEEE, 2013:3626-3633

[49] LI X, YE M, FU M, et al. Domain Adaption
of Vehicle Detector Based on Convolutional
Neural Networks [J]//International Journal of
Control, Automation and Systems (IJCAS),
2015, 13(4):1020-1031. DOI: 10.1007/
$12555-014-0119-2

[50] PANG J, HUANG Q, YAN S, et al.
Transferring Boosted Detectors Towards
Viewpoint and Scene Adaptiveness [J]. IEEE
Transactions on Image Processing (TIP),
2011, 20(5):1388-1400

[51] DENG J, DONG W, SOCHER R, et al.
ImageNet: A Large—Scale Hierarchical
Image Database[C]//IEEE Conference on
Computer Vision and Pattern Recognition
(CVPR). USA: IEEE, 2009: 248-255. DOI:
10.1109/CVPR.2009.5206848

[52] LI X, YE M, LIU D, et al. Memory—Based
Object Detection in Surveillance Scenes|[Cl//
|IEEE International Conference on
Multimedia and Expo (ICME). USA, IEEE,
2016:1-6. DOI: 10.1109/
ICME.2016.7552920

[B3] LI'X, YE M, LIU Y, et al. Accurate Object
Detection Using Memory—Based Models in

IDAMAG\2017-08-135/VOL23\F7.VFT——7PPS/P7

%ﬁiﬁiﬁiﬁﬁiﬁffﬁﬂ%u&%fﬁm‘

Surveillance Scenesl[J]. Pattern
Recognition, 2017(67):73-84

[54] ROSENBERG C, HEBERT M,
SCHNEIDERMAN H. Semi—Supervised
Self-Training of Object Detection Models
[CI//IEEE Workshop on Applications of
Computer Vision/IEEE Workshop on Motion
and Video Computing. USA:IEEE, 2005:29—
36

[55] LEVIN A, VIOLA P, FREUND Y.
Unsupervised Improvement of Visual
Detectors Using Co-Training[Cl//IEEE
International Conference on Computer
Vision (ICCV). USA: IEEE, 2003:626-633

[56] WU B, NEVATIA R. Improving Part Based
Object Detection by Unsupervised, Online
Boosting[Cl//IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). USA:
|IEEE, 2007:1-8

[57] NAIR V, CLARKJ J. An Unsupervised,
Online Learning Framework for Moving
Object Detection[Cl//IEEE Conference on
Computer Vision and Pattern Recognition
(CVPR). USA:IEEE, 2004: 317-324. DOI:
10.1109/CVPR.2004.34

[58] WANG M, WANG X. Automatic Adaptation
of a Generic Pedestrian Detector to a
Specific Traffic Scene[Cl//IEEE Conference
on Computer Vision and Pattern
Recognition (CVPR). USA:IEEE, 2011: 3401-
3408. DOI: 10.1109/CVPR.2011.5995698

[59] WANG X, LI W, WANG M. Transferring a
Generic Pedestrian Detector Towards
Specific Scenes[Cl//IEEE Conference on
Computer Vision and Pattern Recognition
(CVPR). USA:IEEE, 2012:3274-3281

[60] WANG X, WANG M, LI W. Scene-Specific
Pedestrian Detection for Static Video
SurveillancelJ]. IEEE Transactions on
Pattern Analysis & Machine Intelligence
(PAMI), 2014, 36(2):361-74

[61] ZENG X, OUYANG W, WANG M, et al.
Deep Learning of Scene-Specific Classifier
for Pedestrian Detection[C]//European
Conference on Computer Vision (ECCV).
Switzerland:ECCV, 2014:472-487

[62] HTIKE K K, HOGG D. Unsupervised
Detector Adaptation by Joint Dataset
Feature Learning[Cl//International
Conference on Computer Vision and
Graphics (ICCVG). Poland: ICCVG, 2014:
270-277

[63] HTIKE K K, Hogg D C. Efficient Non—
Iterative Domain Adaptation of Pedestrian
Detectors to Video Scenes[Cl//IEEE
International Conference on Pattern

20174E 88 523 %545 Aug. 2017 Vol.23 No.4 /31

Recognition (ICPR). USA:IEEE, 2014:654—
659. DOI: 10.1109/ICPR.2014.123

[64] TANG S, YE M, ZHU C, et al. Adaptive
Pedestrian Detection Using Convolutional
Neural Network with Dynamically Adjusted
Classifier[J]. Journal of Electronic
Imaging, 2017, 26(1): 013012

[65] ROWEIS S T, SAUL L K. Nonlinear
Dimensionality Reduction by Locally Linear
Embedding [J]. Science, 2000, 290(5500):
2323-2326

[66] TENENBAUM J B, SILVA 'V D, LANGFORD
J C. A Global Geometric Framework for
Nonlinear Dimensionality Reduction[J].
Science, 2001, 290(5500):2319-2323

B {EZ &

BR, BFREARSFET;
FERRABARE S
S ERIRB LM RR
=4l e NEENE5
I BRRIEN 205, 2
% SCI/EIZR 10 Rimo

05X, B RHR RS2
BTESI; Z2HAM
BANBZEISIHEVN
W ERNSNES
MB10RI; BRFIGN
80 R, L SCI i R
50 RS0

FHRE,BIREAZE
T, EZARABNRE
3 BMIRB; £ES0
HEMB2IN; ERFIEX
10 R 7=, Hth# SCIEl i
?5%0

PMBIREA



